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Abstract The relative importance of anthropogenic aerosol in decadal variations of historical climate
is uncertain, largely due to uncertainty in aerosol radiative forcing. We analyze a novel large ensemble of
simulations with HadGEM3-GC3.1 for 1850–2014, where anthropogenic aerosol and precursor emissions
are scaled to sample a wide range of historical aerosol radiative forcing with present-day values ranging
from –0.38 to –1.50 Wm–2. Five ensemble members are run for each of five aerosol scaling factors. Decadal
variations in surface temperatures are strongly sensitive to aerosol forcing, particularly between 1950 and
1980. Post-1980, trends are dominated by greenhouse gas forcing, with much lower sensitivity to aerosol
emission differences. Most realizations with aerosol forcing more negative than about –1 Wm–2 simulate
stronger cooling trends in the mid-20th century compared with observations, while the simulated warming
post-1980 always exceeds observed warming, likelydue to a warm bias in the transient climate response in
HadGEM3-GC3.1.
Plain Language Summary Anthropogenic aerosols have an overall cooling effect on climate
due to their interaction with incoming solar radiation and influence on cloud properties. Their emissions
have offset some of the historical warming induced by increasing greenhouse gases. However, the
magnitude of the cooling induced by anthropogenic aerosol remains poorly constrained. In this study,
we use a state-of-the-art climate model, HadGEM3-GC3.1, driven by different levels of aerosol emissions.
This experimental setup tests the sensitivity of simulated historical temperatures to the strength of aerosol
forcing in a climate model, all other factors remaining equal. Our results show that the period from 1951
to 1980 is particularly sensitive to aerosol forcing, coinciding with a period of rapid increases in global
aerosol emissions and observed cooling over many regions, while temperature trends from 1980
onwards are primarily driven by increases in greenhouse gas concentrations. The observed temperatures
over 1951–1980 are best reproduced by simulations with lower aerosol emissions than the standard
configuration, implying that this model responds too strongly to aerosol forcing. Concurrently, the
simulated temperatures warm faster than observed temperatures from 1980 onwards, suggesting that this
climate model also responds more strongly to greenhouse gas forcing than observations suggest.
1. Introduction
The magnitude of historical anthropogenic aerosol (AA) forcing remains very uncertain, despite the atten-
tion that has been devoted to this question (Booth et al., 2018; Bellouin et al., 2019; Kretzschmar et al., 2017;
Myhre et al., 2013; Stevens, 2015). Model representations of aerosol processes are very diverse (Wilcox et al.,
2015), resulting in a large range of simulated historical aerosol forcing in models participating in the Fifth
Phase of the Coupled Model Intercomparison Project (CMIP5, Taylor et al., 2012), with the largest differ-
ences coming from aerosol-cloud interactions (Wilcox et al., 2015; Zelinka et al., 2014). Despite this diversity
in aerosol processes and magnitude of simulated aerosol forcing across climate models, previous studies
have shown the importance of including aerosol-cloud interactions for representing the historical evolu-
tion of global mean surface temperature (GMST, Ekman, 2014; Jones et al., 2013; Wilcox et al., 2013). Early
results from CMIP6 (Eyring et al., 2016) suggest that understanding aerosol forcing and associated feed-
backs in this new generation of models is key for interpreting historical simulations and future projections
(Gettelman et al., 2019; Golaz et al., 2019). Beyond global mean temperatures, studies have also suggested
that aerosol forcing plays an important role for multidecadal variability in Atlantic (Booth et al., 2012;
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Watanabe & Tatebe, 2019) and Pacific (Smith et al., 2016) sea surface temperatures, monsoons (Krishnan
et al., 2015; Polson et al., 2014), and droughts (Dong et al., 2014; Undorf et al., 2018). However, many of these
processes remain poorly understood or uncertain, for example, the extent to which aerosol forcing has influ-
enced variability in the Pacific (Oudar et al., 2018) or Atlantic (Kim et al., 2018; Robson et al., 2014; Zhang
et al., 2013) remains an open question.
While the uncertainties surrounding aerosol forcing and its influence on climate are large, it is nevertheless
clear that aerosol forcing has played an important role in the evolution of 20th and early 21st century climate.
However, constraining aerosol forcing and its role in historical climate variability is critically important to
better assess the impact of anticipated future reductions in aerosol precursor emissions (e.g., Riahi et al.,
2017; O'Neill et al., 2016). Consequently, reduced aerosol forcing uncertainty will improve confidence in
near-term climate projections at global and regional scales.
Existing multimodel ensemble experiment designs can make it difficult to separate the role of AA from
other factors, such as differences in resolution and cloud parameterization, and to separate forcing uncer-
tainty from response uncertainty. As part of the UK SMURPHS project, we have designed a climate model
ensemble specifically to sample a wide range of historical aerosol forcing by scaling AA emissions by various
factors in a CMIP6 generation climate model. This ensemble will enable us to examine the role of aerosol
forcing uncertainty in climate variability in the absence of model structural diversity and, through the use of
multiple ensemble members per scaling, provide the necessary signal to examine regional responses. This
work introduces the ensemble and assesses the role of aerosol forcing for surface temperature variability
and trends.
2. Simulations, Observations, and Methods
2.1. Ensemble Design
All simulations in the historical scaled aerosol emissions ensemble were conducted with the
HadGEM3-GC3.1 global climate model at N96-ORCA1 resolution, corresponding to 135-km resolution in
midlatitudes and 1◦in the ocean (Kuhlbrodt et al., 2018; Williams et al., 2018). HadGEM3 uses the GLOMAP
two-moment aerosol scheme that includes representations of aerosol effects on cloud albedo and lifetime
(Mulcahy et al., 2018). The model version used here is a development version towards the United Kingdom's
submission to CMIP6 (Andrews et al., 2020; Hardiman et al., 2019; see Supporting Information).
The SMURPHS ensemble was designed to sample a plausible range of historical aerosol forcing (Booth et al.,
2018), with present-day AA effective radiative forcing (ERF) ranging from –0.38 to –1.50 Wm–2, which spans
most of the 95% confidence interval presented in IPCC AR5 (Boucher et al., 2013). The targeted aerosol forc-
ings were achieved by applying a constant scaling factor in space and time to the standard historical CMIP6
AA and precursor emissions (Hoesly et al., 2018), namely, organic and black carbon (fossil and biofuel) and
sulfur dioxide (SO2) emissions. All other forcing agents follow historical CMIP6 emissions (Meinshausen
et al., 2017). An illustration of the effect of scaling the SO2emissions is shown in Figure 1a, with regional
time series of aerosol and precursor emissions and the spatial pattern of AA optical depth trends shown in
Figures S2 and S3, respectively. The scalings were chosen such that the targeted present-day aerosol forcings
are roughly equally spaced:
• 0.2× scaling to give –0.38 Wm–2,
• 0.4× scaling to give –0.60 Wm–2,
• 0.7× scaling to give –0.93 Wm–2,
• 1.0× scaling to give –1.17 W/m2 (standard emissions), and
• 1.5× scaling to give –1.50 Wm–2.
The forcing values for each scaling ensemble were determined from five equivalent atmosphere-only
time-slice runs for year 2014 with preindustrial sea surface temperatures of 10-year length each (one for
each scaling factor).
Five historical simulations were performed for each scaling over the period 1850–2014. The same five initial
conditions were used for each scaling subensemble, the first four corresponding to the initial conditions
used for the historical simulations with HadGEM3-GC3.1 for CMIP6 (Andrews et al., 2020). These were well
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Figure 1. (a) Scaled global SO2 emissions used in the ensemble. OC and BC were similarly scaled but are not shown.
(b) Historical ERF time series for each of the aerosol scalings. (c) GMST time series for each of the simulations, color
coded by the anthropogenic aerosol scaling factor. The thick lines represent the linear trend fitted to each five-member
ensemble mean for the periods 1951–1980 and 1981–2010, respectively. (d) September Arctic sea ice extent in each
ensemble member.
spaced in a preindustrial control simulation and sample different phases of internal variability in both the
Pacific and Atlantic (Sellar et al., 2020). The fifth ensemble member was selected independently according
to the same criteria. We recommend only analyzing data from 1900, as introducing the scaled aerosols in
1850 when aerosol precursor emissions are small but non-zero (Hoesly et al., 2018) produces a small initial
drift in the climate system. Most of this drift has stopped by 1900 (Figure S4). In addition to the 25 coupled
simulations, fixed SST runs were performed with scaled AA to estimate the ERF time series associated with
these simulations following the RFMIP protocol (Figure 1b, Pincus et al., 2016).
2.2. Observations and Simulated Temperatures
The observational data sets used in this study are the 21 June 2019 release of version 2.0 of the infilled Had-
CRUT4 data set, updated with HadSST4 (1850–present, Cowtan & Way, 2014, https://www-users.york.ac.
uk/~kdc3/papers/coverage2013/series.html) and GISTEMP v4 (1880–present, Lenssen et al., 2019). Follow-
ing Cowtan et al. (2015), surface air temperatures and sea surface temperatures from the model were blended
in order to generate temperatures comparable with the observational products. As in Cowtan et al. (2015),
air temperatures were used over land and grid cell fractions containing sea ice, while sea surface tempera-
tures were used over ocean grid cells. To calculate the pattern correlations between observations and model
simulations, the model data were regridded to the resolution of the observational data set using bilinear
interpolation. All data were smoothed using an area-weighted 5-point smoothing algorithm before calcu-
lating the pattern correlations. The CMIP6 HadGEM3-GC3.1 preindustrial control run is used to estimate
unforced variability (Menary et al., 2018).
3. Results
3.1. Simulated Global Mean Changes
As expected, the evolution of GMST is highly sensitive to the aerosol scaling factor applied to AA emissions,
with low aerosol simulations warming more rapidly than simulations with high aerosol forcing (Figure 1c),
starting to diverge around the 1880s. The evolution of GMST closely follows that of the radiative forcing time
series. The period from the 1950s to the late 1970s, which coincides with the rapid increase of SO2 emissions
over Europe and North America, is highly sensitive to the magnitude of aerosol forcing (Figures 1a and S2).
This is followed by a period of rapid warming from the 1980s onwards for all scaling factors, suggesting that
temperature trends are driven primarily by greenhouse gas forcing from this period onwards, consistent
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Figure 2. (a–e) 31-year running trends are shown for each scaling factor, indexed to the central year of the 31-year
trend. Two observational data sets, Cowtan and Way (2014) and GISTEMP v4 (Lenssen et al., 2019), are shown in black.
The numbers in the top left-hand corner correspond to the Euclidean distance between the individual ensemble
members and the Cowtan and Way (2014) observations, averaged over all ensemble members and the entire period.
Panel (f) shows the simulated trends for each scaling over four different time periods. Crosses indicate the ensemble
mean trend while the horizontal bar corresponds to observations from Cowtan and Way (2014).
with findings from previous studies(Wilcox et al., 2013). Feedbacks in high latitudes mean that changes in
sea ice are likely to be important in explaining the pattern of temperature changes. Sea ice extent is strongly
affected by aerosol forcing and associated temperature changes (Figure 1d). In the 0.2 scaling ensemble, the
decline in September sea ice begins in the early 1900s. In the 1.5 scaling ensemble, Arctic sea ice steadily
increases until the 1960s when the increase in sea ice accelerates for a decade or two, after which sea ice
starts to decline in these simulations as well, coinciding with the period of rapid warming discussed above.
It is worth noting that the 0.2 scaling ensemble is nearly ice free by the end of the simulations, which may
be important in explaining the pattern of temperature changes discussed later.
Comparing 31-year running trends in GMST to observations reveals that all simulations overestimate the
warming rates since the 1980s, regardless of aerosol scalings (Figure 2), confirming that warming in this
period is not primarily driven by changes in AA emissions. This overestimation of the observed trends sug-
gests that the temperature response to greenhouse gas forcing may be too strong in HadGEM3-GC3.1. At the
same time, the aerosol-driven cooling ending in the late 1970s is too strong in a majority of the realizations
from the 1.5, 1.0, and 0.7 ensembles, though there are some realizations in each of the 1.0 and 0.7 ensem-
bles that are consistent with observations (Figure 2f). It is further worth noting that the strongest 31-year
cooling trend ends approximately 5 years earlier in the observations compared with the model simulations,
which may mask some of the discrepancy between simulated and observed trends in Figure 2f. The annual
mean time series of GMST compared with observations confirm these discrepancies in the rate of change of
GMST, but the comparison with observations is sensitive to the choice of base period for the calculation of
anomalies (Figures S5 and S6).
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Importantly, no scaling is consistent with observations for all periods. The best performing aerosol scalings
overall are the 0.4 and 0.7 ensembles (Figures 2a– 2e), based on the Euclidean distance between the mod-
eled running trends and observations averaged across all five members. While these results suggest that
weaker aerosol forcings are more compatible with the observed historical record, a thorough constraint on
historical aerosol forcing is not possible with this method due to the likely concurrent warm bias in the tran-
sient climate response (TCR), a metric often used to characterize transient warming in climate models. It is
usually defined as the temperature at the time of CO2 doubling in a 1% CO2simulation, sometimes referred
to as the “true TCR” in the literature (Adams & Dessler, 2019). To determine the best performing aerosol
scalings, taking into account the likely concurrent TCR bias, we derive an estimate of observed and sim-
ulated historical TCR using the method outlined in Gregory and Forster (2008), where it is assumed that
the temperature change is proportional to the change in forcing. The historical TCR is estimated using the
following equation:
TCRhist = ΔT
ERF2×CO2
ΔERF
. (1)
We use the model's documented ERF2×CO2 = 4.05 W/m2 (Andrews et al., 2019) and use ΔT and ΔERF esti-
mated from the model simulations over the period 1981–2010. If we assume that the modeled change in ERF
over the period 1981–2010 is a good estimate of the real-world ERF, an estimate of TCRhist for the real-word
can be obtained by using the observed temperature change over the same period. We use the standard devi-
ation in 30-year trends from the model control run to provide an estimate of the role of internal variability
in contributing to uncertainty in ΔT and hence TCRhist. Due to relatively invariant global aerosol emissions
over this time period (Figure 1a), the change in ERF over the period 1981–2010 is not very sensitive to aerosol
scaling (Figures 1b and S7b). However, the TCRhist estimates obtained are sensitive to the aerosol scaling,
with the low aerosol simulations corresponding to a higher TCRhist estimate (Figure S7a). This indicates
a nonlinearity in the temperature response (ΔT) to a change in forcing in the 1981–2010 period, implying
a change in either the climate feedback parameter or the rate of ocean heat uptake(Gregory et al., 2015).
These changes are likely related to differences in the spatial patterns discussed in the next section (Andrews
et al., 2015) and may also point to a role for feedbacks in high latitudes (Figure 1d). Estimates of TCRhist
are typically lower than true TCR, primarily due to the influence of internal variability, spatial patterns of
warming, and observational coverage issues (Adams & Dessler, 2019). As discussed earlier, model tempera-
tures have been blended in this study to avoid the latter issues. Assuming a zero-layer model and neglecting
upper ocean energy storage likely contributes to this discrepancy (Gregory et al., 2015; Jiménez-de-la Cuesta
& Mauritsen, 2019).
Using this method, the observation-based estimate of TCRhist is 1.37 ± 0.58 K (±2𝜎 from the model control
run as stated above), while the model TCRhist estimate is 2.38 ± 0.79 K (±2𝜎 estimated across all ensemble
members) if all scalings are considered equally likely. If the two largest aerosol scalings are excluded due to
their lower agreement with the observed record (Figure 2), the TCRhist estimate becomes 2.63±0.47 K. These
results suggest that a substantial warm TCR bias is likely, though the uncertainty due to internal variability
and the nonlinearity in the response to the change in forcing is large (indicated by the uncertainties provided
above, also Figure S7).
ΔERF =
ΔT · ERF2×CO2
TCRhist
(2)
Rearranging Equation (1) to give (2) and using the observational TCR estimate previously derived, the
estimated change in ERF for the period 1951–1980 from observations is approximately 0.2 Wm–2, but uncer-
tainty is large (Figure S7b). Figure S7b shows that even when a possible TCR bias is accounted for, the 0.4
and 0.7 scaling ensembles still give the best agreement with observations.
3.2. Spatial Patterns of Temperature Change
Maps of the trend in the ensemble means for each scaling for 1951–1980 and 1981–2010 are shown in Figure
3. In the 1951–1980 period, the aerosol scaling makes a large difference to the simulated spatial patterns, with
the low aerosol scalings showing widespread warming over this period, while the higher aerosol scalings
show widespread cooling. The comparison with observed trends shows that the model simulated patterns
are too spatially uniform and are unable to simulate the interhemispheric temperature gradient seen in
the observations. The 1.5 scaling comes closest to the observed pattern; however, the simulated cooling in
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Figure 3. Surface air temperature trends in the five-member ensemble means for each scaling for 1951–1980 (top panels) and 1981–2010 (bottom panels), with
the observed trend shown in the bottom right-hand panels. Average pattern correlations (pcor) between observations and model simulations are also given for
each scaling (calculated for each realization individually then averaged across five members). Stippling indicates areas where the observed trends lie outside the
range of simulated trends. The trend patterns for each individual realization are shown in Figures S9 and S10.
the northern high latitudes is too widespread and too strong compared with observations. The pattern is
robust across all members of the 1.5 scaling ensemble (Figure S9). Note that the pattern correlations shown
in Figure 3 are calculated for individual ensemble members, then averaged, as the individual ensemble
members are a combination of forced response and internal variability, like the observations, and there is
considerable variability across individual ensemble members (Figure S9).
From 1981–2010, the simulated spatial patterns are more similar across scalings, consistent with the smaller
aerosol influence on trends in this period. Differences include enhanced polar amplification in the low
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Figure 4. Signal-to-noise maps for the two periods considered, 1951 to 1980 and 1981 to 2010, respectively. Signal is defined as the trend in the ensemble mean,
while noise is defined as the standard deviation across 31-year trends in the control run. Average pattern correlations (pcor) between observations and model
simulations are also given for each scaling (calculated for each realization individually then averaged across four members). Stippling indicates areas where the
observed signal-to-noise lies outside the simulated range.
aerosol scalings, likely related to the decreases in sea ice shown in Figure 1d. The high aerosol scaling (1.5)
simulations also show some areas with cooling trends over this period, notably in the Pacific sector of the
Southern Ocean and areas of the subtropical Pacific, with some common features with the observed trends
in the Pacific over that period. Some of these areas of cooling can also be seen for some of the other scal-
ings to a lesser extent. These results suggest that AA forcing (possibly in combination with volcanic forcing)
may have contributed to the observed cooling in the Pacific associated with the negative phase of the Pacific
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Decadal Oscillation. However, these results alone are not sufficient evidence of a role for external forcing in
Pacific variability and warrant further investigation.
Signal-to-noise maps provide a different perspective to trend maps (Figure 4), as they highlight areas where
the forced response is particularly large relative to internal variability. Here, signal is defined as the ensemble
mean trend, and noise is estimated as the standard deviation of rolling 30-year trends from the correspond-
ing 500-year control run (Figure S8). Due to the lack of reliable estimates of the range of trends that could
have occurred due to internal variability in the observations, the model noise estimate is used for the observa-
tions. Figure 4 shows that over the 1951–1980 period, high signal-to-noise trends are found in the Northern
Hemisphere midlatitudes in the high-aerosol simulations, consistent with the expected spatial pattern in
response to strong aerosol forcing. Over the same period in the 0.2 ensemble, the strongest signal (associated
with warming trends) is found in the tropics and subtropics, consistent with expectations from a spatially
uniform forcing agent such as greenhouse gas forcing. The signal-to-noise maps clearly show a different
balance of forcings between the low- and high-aerosol simulations in the 1951–1980 period and further sug-
gest that greenhouse gas forcing is the main driver of temperature changes over the 1981–2010 period for
all scalings.
The observation-based signal-to-noise map for 1951–1980 suggests a competing influence of greenhouse
gas-induced warming in the Southern Hemisphere (resembling the 0.2 scaling) and aerosol-induced cooling
over the Northern Hemisphere (similar to the 1.5 ensemble). However, as we have no way of estimating the
variability in observed signal-to-noise, it is important to recognize that the observed signal-to-noise pattern
is a combination of forced signal and a particular realization of internal variability. In the ensemble mean,
none of the subensembles capture this competing influence of aerosol forcing and greenhouse gas forcing
seen in the observations for the Northern versus Southern Hemisphere. While the 1.5 scaling ensemble
trend patterns agree better with observations for the 1951–1980 period, the signal-to-noise patterns do not
compare well, providing additional evidence that aerosol forcing in the 1.5 scaling ensemble is likely unreal-
istically strong. The ensemble members most similar to the observations over 1951–1980 in signal-to-noise
are ensemble members 2 from the 0.2 ensemble followed by ensemble member 3 from the 1.0 ensemble
(Figures S9 and S11), showing that internal variability is large.
4. Discussion and Conclusions
The ensemble introduced in this paper provides a novel data set for investigating the role of aerosol forcing in
historical climate variability. By scaling emissions of AA and their precursors, a wide range of the uncertainty
in AA forcing from IPCC AR5 is sampled within this ensemble. Five ensemble members are run for five
different aerosol scaling ensembles, providing a good balance between sampling internal variability and
uncertainty in aerosol forcing (from –1.5 W/m2 to –0.38 Wm–2).
Results show strong sensitivity of global temperatures to aerosol forcing, with differences in GMST due to
aerosol forcing emerging as early as the 1900s. The period from 1951–1980 is particularly sensitive to aerosol
forcing, while temperature trends since 1980 are primarily greenhouse gas driven. Ensemble members with
weak historical aerosol forcing better match the observed global mean trends, suggesting that aerosol forcing
is too strong in the standard configuration of this model. The simulated rapid warming post-1980 exceeds
observed trends, suggesting a potential positive bias in the TCR in this model. Using a simple relationship
between forcing and response, and assuming that the modeled trend in ERF is a realistic estimate of the
real-world ERF trend over this period, we find that the historical TCR estimated from HadGEM3-GC3.1
simulations with scaled aerosol emissions is substantially larger than the estimate derived from observa-
tions. However, other plausible explanations for the mismatch in recent observed and simulated trends have
also been suggested (e.g., Gregory et al., 2020). We further show that the simulations with reduced aerosol
emissions (corresponding to a present-day aerosol forcing of –0.6 and -0.93 Wm–2 for the 0.4 and 0.7 scaling
ensembles, respectively) better reproduce the observed historical record and that this result appears largely
independent of this model's TCR under the assumptions used here.
Our results further suggest a mismatch between the observed and simulated spatial patterns of surface tem-
perature trends in HadGEM3-GC3.1. While it is possible that the specific realization of internal variability
that occurred in the real world is not sampled in our model ensemble due to an insufficient number of
ensemble members, another possibility is that the simulated temperature response is indeed too spatially
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uniform. Without additional ensemble members, it is difficult to distinguish between the two, but the indi-
vidual ensemble members do highlight that there is considerable variability in the trends and signal-to-noise
patterns. However, very few members generate an interhemispheric gradient as seen in observations, sug-
gesting that there may also be biases in the model response to aerosol forcing. Investigating the processes
responsible is beyond the scope of this study, but possibilities include biases in the atmospheric transport of
aerosol, aerosol lifetime in the atmosphere, and in atmospheric and ocean heat transport.
Our results compare well with previous studies using intermediate complexity Earth System Models that
have attempted to constrain aerosol forcing by scaling AA emissions (e.g., Forest, 2018; Libardoni et al.,
2018). However, sampling structural and parametric uncertainty results in much wider interval of credible
historical aerosol forcing (e.g., Regayre et al., 2018). The ensemble presented here is the first with a fully cou-
pled global climate model to sample a wide range in historical aerosol forcing by scaling emissions within a
single climate model framework. It allows an investigation of the role of aerosol forcing for many aspects of
global climate variability, setting aside the model structural differences that often make such investigations
challenging. We have shown that reducing the aerosol forcing in historical simulations improves agree-
ment with the observed record in HadGEM3-GC3.1. We encourage modeling centers to perform similar
experiments to gain a better understanding of the sensitivity of these results to other model characteristics.
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